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Goal

• Estimate aerosols in Martian atmosphere 
from Mars orbit

• Dust optical depth

• Water ice cloud optical depth

• Why aerosols?

• Enhance understanding of Martian atmosphere

• Monitoring for aerobraking

• Why from orbit?

• Limited bandwidth: can’t transmit all possible 
observations

• Automated detection of features of interest
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THEMIS

• VIS/IR camera onboard Mars Odyssey

• IR instrument

• 10 bands

• 6.78-14.88 microns

• 100-m resolution

• Data collection since
February 2002

•
• How accurately can we estimate opacity using 

uncalibrated data?



Estimating Martian Aerosols

• Smith et al. (2003)

• THEMIS RDR (calibrated)

• TES (surface emissivity and 
atmospheric temp. profile)

• Iterative least-squares to obtain 
dust and ice opacities
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Estimating Martian Aerosols

• Onboard approach

• THEMIS EDR + model trained 
to predict opacities based on 
Smith et al. values
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Estimating Martian Aerosols
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• Onboard approach

• THEMIS EDR + model trained 
to predict opacities based on 
Smith et al. values



Regression Models

•
•
• Linear least-squares

•
• Linear SVM: fast

• Gaussian SVM: slower, 
more accurate
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Results: Dust Opacity
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Results: Water Ice Clouds
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Results

• Train model on 1440 framelets (every 50th)

• Evaluate model on all 72,061 framelets

• Uncertainty reported by Smith et al. 

• ~0.04 or 10% of total optical depth

• Note: NOT a replacement for RDR analysis!

DUST AND WATER ICE DETECTION ONBOARD THEMIS: K. L. Wagstaff et al.

(a) Atmospheric dust optical depth; the x-axis indicates Ls.

(b) Water ice cloud optical depth.

Figure 1: Optical depths predicted by two Gaussian SVMs trained on 1442 THEMIS daytime IR framelets (raw data), and evaluated
on 72,061 framelets, from Ls = 330◦ to Ls = 161◦ (wrapped to 521◦). As in [3], values are clipped to the ranges shown.

Experimental Results: We constructed three regression
models based on the training set (1442 framelets), then evalu-
ated them on the full data set in terms of the square root of the
mean squared error (RMSE) as well as the mean error (Merr):

Dust Ice
Regression method RMSE Merr RMSE Merr
Linear least squares 0.043 0.031 0.037 0.022

Linear SVM 0.044 0.032 0.037 0.023
Gaussian SVM 0.037 0.025 0.036 0.017

While the linear SVM performs about the same as a linear least
squares approximation, the Gaussian SVM is significantly bet-
ter. In addition, we generally find slightly better accuracy in
estimating water ice than in estimating dust. The mean accu-
racy obtained on both problems is within the 0.04 uncertainty
of the τ values that we are trying to predict. The τ predictions
of the Gaussian SVM for dust and for water ice are shown in
Figure 1, as a function of time of year (Ls) and latitude. These
results match those of Smith et al. quite closely, with the same
dust event observed early on. However, the small dust event
that takes place around Ls = 155◦ (here, 515◦) is not visible.
Likewise, the τ ′ values predicted for the water ice cloud op-
tical depth are highly accurate, although they vary from τ in
that they detect significant amounts of water ice north of 20◦

latitude from about Ls = 470◦ to 500◦. We plan to further
investigate these observations.

Conclusions: In this work, we have evaluated three re-
gression models that analyze raw data collected by the THEMIS
IR instrument and predict the optical depth for atmospheric
dust and water ice clouds. Because this approach does not rely
on calibration or any external sources of information about
the atmosphere or surface conditions, it is well suited for use
onboard THEMIS. Our experimental results show that SVM
regression models can predict dust and water ice cloud optical
depths with accuracy comparable to the uncertainty in the τ
values being predicted. This approach could be used onboard
THEMIS to permit passive monitoring for events of interest,
such as early detection of dust storms and the identification of
water ice clouds.
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Conclusions

• Onboard monitoring of Martian atmosphere is 
feasible, if trained on true values on the ground

• In progress: 

• Obtain results for all THEMIS data to date

• Evaluate computational cost of each model

• Thanks to:

• Nghia Tang

• THEMIS Team


